In this paper, the Autoregressive Jump Intensity (ARJI) model with time-varying jumps is used to measure the daily exchange rate volatility and jump intensity of 13 Chinese manufacturing segments from January 1, 2001 to June 30, 2017. The statistical characteristics are analyzed and compared. We further explore the impact of international major payment currencies' volatility on the industry-specific nominal effective exchange rate (INEER) risks for various industries in China. First, the results show that there are certain differences in exchange rate fluctuation and jump dynamics between different industries. The exchange rate volatility and jump intensity for paper, non-metal and metal industries are small, while for petroleum, rubber, electrical machinery and other industries are larger. Second, the U.S. dollar, German mark and Japanese yen have significantly different effects on exchange rate fluctuations and jump risks in various industries, and the degree of impact is weakened in turn. Finally, the analysis of the sub-sample shows that after the financial crisis, the impact of dollar and yen on the fluctuations of INEER for most industries has declined significantly, and the impact of mark has generally increased.
Introduction
Since the collapse of the Bretton Woods agreement in the 1970s, especially since change rate regimes, exchange rate volatility has gradually entered the field of public vision as an important source of macroeconomic uncertainty and has become the subject of research conducted by many scholars (Jorion, 1988; Bayoumi & Eichengreen, 1998; Devereux & Engel, 2002; Giannellis & Papadopoulos, 2011 ).
On the one hand, with the deepening of economic globalization, international trade has become more frequent and the degree of liberalization of capital flows has gradually increased. As the main international payment currencies, the price ratio between the U.S. dollar, the German mark and the Japanese yen has been drastically rising and falling. And the frequencies of large exchange rate fluctuations which are difficult to be explained by general exchange rate decision models appear to be higher and higher. Compared to continuous exchange rate fluctuations, abnormal exchange rate jumps are harder to capture and their impact on the economy is more sustained and deeper. Taking the Asian financial crisis that erupted in the second half of 1997 as an example, the exchange rates of Thai Baht, Philippine Peso, Malaysian Jitel, Indonesian Rupiah and Singapore dollar dropped sharply during this period, and the worst-hit Thai Baht exchange rates fell nearly 40%. The turmoil in the foreign exchange market also brought a plunge in the stock market. Hong Kong Hang Seng Index, for example, dropped from a peak of 16,820 points in August 1997 to a bottom of 6,544 points in August 1998. The decline process has continued for one year and the market suffered a drop of 61.1%. The crisis has brought huge wealth losses to investors. Therefore, as an important source of non-diversifiable risk in the foreign exchange market, exchange rate jump risk is not only important to the enterprises engaged in foreign trade business, but also vital for investors in the foreign exchange market and policy makers who must make decisions in real time during times of jump-inducing chaotic conditions in financial markets (Li, Zhu, & Li, 2016) .
On the other hand, as a large open country with a high degree of dependence on international trade, our economy has continuously deepened its economic ties with foreign countries. Frequent multilateral economic exchanges have drawn more and more attention on the fluctuations of the effective exchange rate. The effective exchange rate is the trade-weighted-average of the bilateral exchange rates of one currency against the other currencies. Compared with a single bilateral exchange rate, this indicator can comprehensively reflect the actual purchasing power and overall competitiveness of a country's currency in international trade. However, the early studies on effective exchange rate in our country mainly focus on the national aggregate level (Zou et al., 2016) . There are few studies at the industry level. In recent years, the "Going out" strategy and the "Belt and Road Initiative" have promoted the internationalization of China's industry development. The strategy of industrial transformation and upgrading inevitably leads to the differentiation of development levels of different industries. Accompanied with this, the exchange rate risks faced by various industries the statistical characteristics of daily exchange rate pretty well. Ball & Torous (1983) apply this model to stock returns and get similar conclusions. These empirical studies have proven the validity of Press model. Given its good empirical performance, the basic jump model has been developed in many ways. Some scholars (Jorion, 1988; Vlaar & Palm, 1993; Wolff, Nieuwland, & Verschchoor, 1994) try to combine the jump setting with the ARCH/GARCH model to get a GARCH-JUMP model in which GARCH explains the continuous changes in asset returns, While JUMP explains the large and discrete changes in asset returns.
Subsequent empirical studies (Bates, 1991; Chan & Maheu, 2002) show that the probability of jumps is highly likely to change over time. Thus the assumption of constant Poisson distributions is a common defect of all these GARCH-JUMP models. On condition of that, many scholars devoted themselves to introducing the time-varying jump distribution into the GARCH-JUMP model. Das (1998) and Fortune (1999) , for example, introduce changes in weekly jump intensity by using dummy variables. Chernov et al. (1999) estimate specifications that allow the jump intensity to change with previous jump and random fluctuations. Chan & Maheu (2002) propose a new conditional jump model (ARJI) to study the jump dynamics of stock market returns. This model allows conditional jump densities to change over time and asymptotically follows an autoregressive moving average (ARMA) process. They find that both the conditional jump intensity and the distributions of jump size have significant time-varying characteristics. Further studies showed that this condition jump dynamics is good for the fitting and prediction of stock market volatility. Subsequently, based on the model of Chan & Maheu (2002) , Maheu & McCurdy (2004) further include historical jumping factors into the GARCH volatility equation. And by taking into account the impact of the current jump and the historical jump on the total volatility, they establish the GARJI model, which has been used to study individual stock returns and market composite index in the U.S. They find that compared with the historical jump, the current jump has a more significant asymmetric impact on the volatility.
At present, although few research have been conducted on the jump dynamics of returns volatility in China, there are still some scholars who have made important contributions. Such as Yang & Chen (2001) , they propose the index option model based on the jump process. By introducing jump in the description of the movement of the stock price, they put forward the pricing equation and pricing model of index options under certain conditions, which can effectively avoid the theoretical inconsistency by using diffusion process to describe the movements of price index and the price changes of individual stocks. Tong & Journal of Financial Risk Management Liu (2006) apply the GARCH-JUMP model to the returns of A shares and B shares in Shanghai and Shenzhen Stock Exchange and find that this model can effectively estimate the jump changes of the returns and volatility. Applying the GARCH-JUMP model to daily returns of the ten largest international securitized real estate markets, Li et al. (2015) find that large price jumps exist during both crisis and non-crisis periods in major international securitized real estate markets. They further investigated the sources of large price changes and find that jump intensity is inversely related to the degree of economic and financial integration. Li, Zhu, & Li (2016) applied the ARJI model to weekly bilateral exchange rate returns of 31 countries over the period [2001] [2002] [2003] [2004] [2005] [2006] [2007] [2008] [2009] [2010] [2011] [2012] [2013] and examine the determinants of bilateral exchange rate risks. Their empirical results show that bilateral exchange rate risks can be significantly reduced by external financial liabilities and the development of domestic financial sectors will attenuate this effect.
It can be seen from the above literature that the GARCH model and the jump model have their own advantages in capturing the special fluctuations and non-normal distributions of returns, and they gradually merge into the GARCH-JUMP model, which include the Constant-GARCH, Models, ARJI models and other variants. These models are widely used to study fluctuations and jump dynamics in stock market and foreign exchange market. Jorion (1988) has pointed out that the jump characteristics of foreign exchange market is more obvious than the stock market. Taking into account the importance of foreign exchange risk research in today's global economy, this article will use the ARJI model with time-varying jumps to explore the volatility and jump intensity of the daily industry-specific nominal RMB exchange rate.
Research on Industry-Specific Effective Exchange Rates
Foreign scholars' research on industry-specific effective exchange rate started with the article by Goldberg (2004) . When studying the depreciation of the trade-weighted U.S. dollar, Goldberg proposes that compared with aggregate trade-weighted exchange rates, industry-specific indexes is more effective in capturing changes in industry competitive conditions induced by moves in specific bilateral exchange rates. Fazio et al. (2007) use the industry exchange rate data to study the heterogeneity effect in the deviation of product price from the law of one price. Sato, Shimizu, Shrestha, & Zhang (2013) construct the industry-specific effective exchange rates of RMB, JPY and KRW. They point out that there are significant differences in real effective exchange rate (REER) among different industries in different countries. Sato et al. (2015) construct monthly industry-specific effective exchange rate based on the producer price indices of nine Asian economies from 2001 to 2014. Their empirical research shows that the weighted average real effective exchange rate is more effective in reflecting export competitiveness than the REER announced by the Bank for International Settlements (BIS).
In China, during early period, the research on effective exchange rate mostly Y. Q. Wang Journal of Financial Risk Management focused on the national level (Zou et al., 2016) . Only in recent years have scholars started to compile industry-specific exchange rates according to different standards and studied its determinants. For example, Chen, Wan, & Fu (2010) calculate the industry-specific nominal effective exchange rate of 11 industries in China based on the proportion of China's exports to the 14 main trading partners. Then they analyze the impact of industry-specific indexes on the competitiveness of industrial export prices and come to the conclusion that the impact is different by industry whether in short-term or in long-term. Xu & Tian (2013) point out that there are significant differences in the real effective exchange rates of different industries in China and the REER at the national level, as measured by the traditional method, has neglected the heterogeneity among different industries. Thus they measure the REER at industry-level in China from 2000 to 2009, and through further empirical study, they find that industry-specific indexes is significantly better than the aggregate indexes in revealing the relationship between trade and exchange rate. In order to accurately estimate the impact of major international currencies on the competitiveness of different industries, Zou, You, & Fu (2016) Frankel & Wei (1994) first determined the peg of the exchange rate against the major currencies by examining the effect of major international currencies on the exchange rate of an economy. This paper uses the Frankel-Wei model to study the impact of the U.S. dollar, German mark and Japanese yen on China's INEER of 13 industries. The basic empirical model is as follows: 
Empirical Models, Variables and Data
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Time-Varying Conditional Volatility and Jump Intensity
In this section, I use the ARJI model proposed by Chan & Maheu (2002) 
Basic Equation
Define the information set at time t to be the history of returns:
, where t R is the first difference of nominal exchange rate in the logarithmic form.
Assuming that the exchange rate return is made up of three parts, the first part is the ARMA process of the conditional means; the second part is the conditional GARCH volatility; and the third part is the conditional jump. Then the model combines the jump specification with a GARCH parameterization of volatility and is specified as:
where ( ) 
where
Equation (5) 
According to the total probability formula, there are:
Recalling the assumptions of Equation (2), the implied message is:
With Equations (7)-(9), the parameters in Equation (5) and Equation (6) 
The second extension is ARJI-t h model, which allows t h instead of 
where D(x) = 1 if x > 0 and 0 otherwise, and 0 1 2 0 , , , η η η ζ and 1 ζ are parameters to be estimated.
The Conditional Jump Variance and the Total Conditional
Variance According to Chan & Maheu (2002) , the conditional jump variance for returns is:
And the total conditional variance (total exchange rate volatility) is:
For the basic-ARJI model, we replace 
Exchange Rate Volatility of Major International Currencies
The SDR currency basket consists of the U.S. dollar, euro, Chinese yuan, Japanese yen and German mark. Except for Chinese yuan, the three currencies with the largest weights are U.S. dollar, euro and Japanese yen. According to the data released by Federal Statistical Office of Germany (FSO), China replaced the United States in 2016 and for the first time became Germany's largest trading partner. Therefore, I choose the U.S. dollar, the German mark and the Japanese yen to study their impact on China's industry-specific exchange rate fluctuations. The GARCH model proposed by Bollerslev (1986) can better catch the "volatility clusters" characteristics of returns and is more accurate than the ARCH model. Therefore, I use the simple GARCH (1,1) model to calculate the daily volatility of dollar, mark and yen. Taking dollar for example, the estimation model is as follows:
where _ t VOL USD is the variance of the dollar exchange rate return, that is, exchange rate volatility. The generation of disturbance term t ε is:
where t v is a white noise process.
Data
The nominal effective exchange rate (NEER) is an unadjusted weighted average rate at which one country's currency exchanges for a basket of multiple foreign currencies, and its volatility effectively reflects the information impact on the foreign exchange market. Considering the availability of data, this paper uses the industry-specific nominal effective exchange rate ( tries. Since the study conducted by Sato et al. (2015) demonstrates that the weighted average effective exchange rate is more effective in reflecting export competitiveness than the effective exchange rate announced by BIS, the daily NEER of dollar, mark and yen are also drawn from the RIETI database.
In view of the fact that the industry category of RIETI database contains the major manufacturing segments and could correspond well with ISIC and the 
The Impact of Major International Currencies on Exchange Rate Risk in Various Industries
The previous section gives the volatility and jump dynamics of various industries' INEER return. In this section, I examine the impact of the U.S. dollar, German mark, and Japanese yen on the INEER fluctuations of different industries. The basic regression model is as follows: Table A5 reports the effects of major currencies on the volatility of different industries' INEER returns in different periods. Columns (1)- (3) report OLS regression results of the whole sample; columns (4)-(6) report sub-sample regression results before subprime crisis; columns (7)- (9) (1)- (3) in Table A5 , I find that the impact of the U.S. dollar, German mark, and Japanese yen on the volatility of various industries' INEER weakens in turn throughout the whole sample period, where the impact of the dollar on the INEER returns of all industries is significant at 1% significant level, which may be due to the strong position of the U.S. dollar in the international arena and the fact that most of our trade partners implement the exchange rate system pegged to the U.S. dollar, besides, the fact that China and the United States have long been each other's second largest trading partner also play a part in it. Comparing the regression results before and after the financial crisis, it is easy to find that after the financial crisis, the impact of the U.S. dollar on the INEER returns volatility of various industries has obviously dropped. And except for the food industry, the influence of German mark on China's exchange rate volatility in various industries is not significant before the subprime crisis but significant after the subprime crisis. On the contrary, the impact of Japanese yen is significant before the subprime crisis but not significant after the subprime crisis. One possible reason is that the subprime crisis has led to a decline in the U.S. economy and exerted a seriously negative impact on the Japanese economy, resulting in a decline in the international position of the U.S. dollar and the Japanese yen. Meanwhile, as the German economy recovered rapidly from the financial crisis, the international status of German mark has risen greatly. These results show that the impact of the major reshuffle caused by the subprime mortgage crisis in 2008 on China's exchange rate risk is that the impact of the U.S. dollar and the Japanese yen has dropped significantly, and the impact of the German mark has generally risen.
In longitudinal contrast of Table A5 
Robustness Test
In this section, I consider the estimated robustness and discuss my conclusions.
Firstly I reduce all variables at the 1st and 90th percentiles to mitigate the effects of extreme observations. The estimation results are qualitatively similar to the main results of this paper. To save space, the estimated results will not be listed here.
In the second robustness test, the related regression is conducted by replacing the jump intensity with the jump variance (i.e. Table A7 , I find that the impact of the U.S. dollar, German mark, and Japanese yen on the jump variance in different industries also weaken in turn. And by comparing the results before and after the financial crisis, it is easy to conclude that the impact of the U.S. dollar on all industries has significantly reduced. And the influence of German mark on China's exchange rate volatility in various industries is not significant before the subprime crisis but significant after the subprime crisis. On the contrary, the impact of Japanese yen is significant before the subprime crisis but not significant after the subprime crisis. All of these are consistent with the main conclusions above.
In the third robustness test, I replace the time-varying jump intensity esti- Table A8 . It turns out the conclusions are still relatively consistent with the main conclusions estimated by basic ARJI model.
Finally, I used the monthly data to carry out the regression. Table A9 and Table A10 report the monthly regression results of exchange rate volatility and jump intensity for the 13 industries. The regression results of exchange rate volatility were consistent with the main conclusions of this paper. However, at the same time, it's not hard to find that expanding the scope of time enables the regression results of the jump intensity of INEER return in many industries to be insignificant. Take the U.S. dollar as an example, it has a significant impact on the jump intensity of all industries in the daily data regression, but the monthly data regression results show that the impact of the U.S. dollar on the jump intensity of INEER return in the food, chemical and non-metal industries is not significant. Although the regression coefficient of some industries decreased in significance, the impact of the exchange rate volatility and the jump intensity of the U.S. dollar on most industries before and after the crisis is significant, and the impact after the crisis diminishes. For the textile, petroleum, general machinery and other industries, the impact of German mark was not significant prior to the crisis, but it becomes significant after the crisis; the impact of the yen on most sectors was significant prior to the crisis, but it is insignificant after the crisis. All of these indicate that the monthly regression results still support the main conclusions of this paper.
Main Conclusions, Contributions, Shortcomings of Research and Expectations
In this study, I apply the Autoregressive Jump Intensity (ARJI) model to explore the characteristics and determinants of industry-specific exchange rate risk of 13 industries in China. I find that the ARJI model performed quite well in capturing the volatility and the jump dynamics of exchange rate in foreign exchange market. Therefore, I estimate the daily exchange rate volatility and jump intensity of 13 industries' INEER return using the ARJI model. Through comparison, I find that the paper, non-metal and metal industries have relatively low exchange rate volatility and jump intensity, showing that the export competitiveness of these industries is relatively stable. However, the exchange rate volatility and jump intensity in industries of petroleum, rubber, electrical machinery, optical instruments and transportation equipment show that their export competitiveness is vulnerable to the impact of RMB exchange rate fluctuations. This paper contributes to the existing literature and real economy in two aspects. First, to the best of my knowledge, this is the first comprehensive study to explore the jump intensity of industry-specific exchange rate. Different from the existing measures of exchange rate volatility, this paper provides a more adequate measurement of exchange rate volatility and the occasional exchange rate jumps. Besides, it proves that different industries in China are facing different degrees of exchange rate risk. Second, the empirical study in this paper shows that the volatility of international currencies such as the U.S. dollar, German mark and Japanese yen have quite different influence on exchange rate risk of various manufacturing segments in China. And the conclusion of this paper is of great significance to the government departments and enterprises in promoting industrial internationalization, accelerating industrial restructuring and upgrading and implementing sub-industry exchange rate risk management.
The shortcoming of this paper is that although it points out the different impacts of the volatility of the U.S. dollar, German mark and Japanese yen on the risk of exchange rate fluctuations in different industries over different periods, due to the lack of research data, the impact mechanism has not yet been discussed in depth. In the future, I expect to make efforts in the mechanism research and carry out further research on the impact of INEER returns' volatility and jump risk on the industry-specific stock market returns, profit margins and import and export. Journal of Financial Risk Management Appendix A Note: To avoid the influence of the initial value on the above statistical indicators, we discarded the data for the first 4 days of each industry. TVP, PJV and LAM represent the total conditional variance, the proportion of jump variance, and the average of the jump intensity respectively. Journal of Financial Risk Management **************************************************************************** **************************************************************************** * * Simple ARJI model (estimate results of parameters are in Table A3 ). I'll just take the *converged estimates from the constant model as the initial guesses.
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